We consider the modelling of volatility on closely related markets. Univariate fractional Ž . volatility FIGARCH models are now standard, as are multivariate GARCH models. In this paper, we adopt a combination of the two methodologies. There is as yet little consensus on the methodology for testing for fractional cointegration. The contribution of this paper is to demonstrate the feasibility of estimating and testing cointegrated bivariate FIGARCH models. We apply these methods to volatility on the NYMEX and IPE crude oil markets. We find a common order of fractional integration for the two volatility processes and confirm that they are fractionally cointegrated. An estimated error correction FIGARCH model indicates that the preponderant adjustment is of the IPE towards NYMEX. q
Introduction
The subject of this paper is the modelling of volatility on closely related markets. This raises important questions in terms of the way the markets function and of econometric methodology. At a substantive level, we may be interested in whether an increase in volatility in one market induces additional volatility in the other, or whether, alternatively, volatility in both markets has a common origin.
Methodologically, we need to acknowledge that financial market volatility is a long-memory process, and this requires that we devise multivariate extensions of existing univariate methods. Finally, there is practical interest in volatility forecasting, and it is likely that there will be efficiency gains from jointly forecasting volatilities in related markets.
The GARCH class of models is now standard in modelling financial market volatility. These models attempt to account for volatility persistence, but have the feature that persistence decays relatively fast. In practice, volatility shows very long temporal dependence-i.e. the autocorrelation function decays very slowly.
Ž . This motivates consideration of Fractionally Integrated GARCH FIGARCH Ž . models Baillie et al., 1996 which combine high temporal dependence with parsimonious parameterization. We adopt the bivariate FIGARCH specification Ž . Ž . independently introduced by Teyssiere 1997 and Brunetti and Gilbert 1998 . An alternative approach to modelling persistence in the conditional second Ž . Ž . moment is through stochastic volatility SV processes. Harvey 1993 and Breidt Ž . et al. 1998 have generalized SV models to include fractional integration, and Ž . Ž . Harvey et al. 1994 developed multivariate SV models. Wright 1999 has proposed GMM estimator for the univariate long-memory SV model. Combination of these approaches would give a multivariate long-memory SV model. However, we do not pursue this in the current paper.
Our application is to the crude oil market. Two recent studies have considered Ž . fractional integrated processes for commodity returns. Barkoulas et al. 1997 analyze returns on monthly averages of 21 commodities over the period 1960 to 1994. They found evidence for fractional integration for six of these series, three with estimated orders of integration less than unity and three greater than unity.
Ž . Regime shifts may explain their results. Corazza et al. 1997 analyze daily returns for six agricultural futures over the period [1981] [1982] [1983] [1984] [1985] [1986] [1987] [1988] [1989] [1990] [1991] and suggest that their results are consistent with fractional orders of integration. However, neither of these studies considers price volatilities where long memory is a priori more plausible. Long memory in commodity price volatilities is discussed by Brunetti Ž . Ž . 1999 -see also Wei and Leuthold 1998 . Crude oil futures are traded on the New York NYMEX market and the London IPE.
1 The principal differences between the two markets relate to delivery-NYMEX contracts specify delivery on the US east coast, 2 while IPE contracts are settled either by Exchange for Physicals or by cash settlement against an index of cash Brent crude deals. Effectively, the NYMEX price is the price for light crude on the US eastern seaboard while the IPE price is the market price for North Sea 1 NYMEX is the New York Mercantile Exchange; the IPE is the International Petroleum Exchange located in London.
2 Commercial buyers or sellers can exchange futures positions for physical positions of equal quantity.
( )tanker-delivered oil. The two prices move together relatively closely, but transportation costs and grade differences imply the existence of a variable differential.
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There is a general consensus that volatilities of returns on financial assets are stationary, but that they are also persistent-perhaps more than would be implied Ž . by standard models of the GARCH class Baillie et al., 1996 . There is less consensus on the causes of volatility persistence. One class of explanation relates to unevenness of the information arrival process. Although Goodhart and O'Hara Ž . Ž . 1997 documented low levels persistence on intra-day tick data, Andersen and Ž . Bollerslev 1997 argue that long run persistence may arise from aggregation across heterogeneous information processes, none of which individually exhibits Ž . high persistence. A consequence of the Andersen and Bollerslev 1997 results is that the long-memory property of volatility constitutes an intrinsic feature of the return generating process. The presence of structural breaks may also artificially Ž . produce high persistence in volatility Lamoureux and Lastrapes, 1990 .
A second class of explanation, not necessarily inconsistent with the first, attributes persistence in volatility to persistence in trading volume, which typically Ž . also shows evidence of long memory Brunetti, 1999 . This explanation sees information arrival as impacting on volatility through trading decisions, with the rider that trades come in pairs-a decision to buy, perhaps prompted by the arrival of a particular item of news, entails a subsequent sale even in the absence of the arrival of further news. We are investigating models of this type in continuing work, but in this paper we maintain an agnostic position on the causes of volatility persistence.
If NYMEX and IPE volatility are found to be fractional, two further questions arise. The first is whether they exhibit a common order of fractional integration. Second, if the order of integration is common, we can ask whether the two volatilities are fractionally cointegrated, i.e. whether there exists a linear combina-Ž . Ž tion of the two volatilities we consider their difference , which has a lower or . even zero order of fractional integration.
One possibility is that the two volatility processes are independent but are driven by a common information arrival process. If information relates primarily to the world energy market rather than to particular sectors of that market, one 3 Issues of trading synchronization are potentially important. Trading hours for NYMEX are 09:45 to 15:10. This is an open outcry session. There is also an electronic trading system starting at 16:00 on Monday through Thursday, and concluding at 08:00 the following day. On Sundays, electronic trading begins at 19:00-all times are EST. We consider daily Settlement price established at the end of the Ž . Ž outcry session i.e. at 15.10 where liquidity concentrates. The IPE starts trading at 10:02 GMT 05.02 . Ž . EST and closes at 20:13 GMT 15.13 EST . We analyze IPE Settlement prices, which are the official prices established by the Exchange at the close of each trading day. In principle, therefore, IPE trading completely overlaps NYMEX open outcry trading and there are no synchronization issues. In practice, IPE evening trading may not be very liquid with the consequence that information, which becomes available in the New York afternoon, may not have full price impact on the IPE until the following morning.
( )would expect price movements to be similar in the two markets and this might result in similar or identical orders of integration in the two processes but without fractional cointegration. A second possibility is that changes in volatility in one market causes changes in volatility in the other. The causal links may be unidirectional or bidirectional. It is often supposed that NYMEX is the more important oil futures market, both because it has historical priority, and because trading NYMEX volumes are typically higher than IPE volumes. That view might suggest that NYMEX volatility drives IPE volatility but not vice versa.
These hypotheses are not mutually inconsistent. If the two volatility processes are highly correlated, perhaps because of a common information arrival process, differences in volatility across the two markets will motivate straddle trading in which similar options are sold on the higher volatility market and bought on the lower volatility market. Strategies of this sort will tend to drive the two volatilities together, but will be risky if the two processes are not cointegrated. The question of whether or not the volatility processes are cointegrated is therefore of some importance in evaluation of the risk profiles of institutions that engage in volatility arbitrage on the two markets.
The GARCH and FIGARCH classes of volatility models

UniÕariate models
In order to capture the long-memory component in the mean, Granger 
Ž . is white noise. In the same way, Baillie et al. 1996 , introduced the Fractionally Ž . Integrated GARCH FIGARCH model thereby generalizing the GARCH and w < x IGARCH specifications. Define the conditional variance h s Var´V where
V is the information set in period t y 1. The GARCH model may be written as
Ž . where a L and b L are lag polynomials of order q and p, respectively. By defining the skedastic innovation as
2 this may be recognized as an ARMA m, p process in´t Ž . Ž .
MultiÕariate models
The initial generalization of univariate to multivariate GARCH is due to Ž . Bollerslev et al. 1988 . As in univariate GARCH, the conditional variance-covariance matrix of the n-dimensional error term´in the multivariate t Ž . GARCH p,q model is a function of the information set at time t y 1. Therefore, the elements of the covariance matrix follow a vector ARMA process in the squares and cross-products of the innovations. 
variance defined by this process is stationary for all 0 F d F 1. In what follows, j Ž . we use a general representation of Eq. 8 , which may be represented in the ARFIMA form as
where F s I. It is straightforward to test the hypothesis d s d within this 0 1 2 framework.
Fractional cointegraiton
The notion of cointegration relates to a long run relationship between two or more time series which may move in quite different ways in the short-term. The idea reflects the fact that there are long-term constancies in economics, and that these latent equilibrium or law-like relationships induce reversionary behavior in the observed time series. 
1,t 2 ,t
Confining attention to linear cointegrating relationships, these series are said to be Ž . cointegrated if there exists a g / 0, such that z s y q g y ; I dy b , where
The idea of cointegration is that z has a lower order of integration than its t components y and y .
1, t 2,t
Two arbitrarily chosen series y and y will not in general be integrated of 1, t 2,t the same order. However, if we confine attention to linear cointegrating relationships, a common order of integration is a necessary condition for cointegration Ž . Abadir and Taylor, 1999; Robinson and Marinucci, 1998 . It is useful to distinguish between integer and fractional cointegration. A I 1 rI 0 paradigmB, which sets d s 1 and b s 1. Usually, testing for cointegration involves preliminary unit root tests. If the series are found to be integrated of order 1, a cointegration test is implemented. There are two main approaches to cointegration testing-the Johansen and the Engle-Granger methods, the former Ž . employing a Vector AutoRegressive VAR framework, and the latter a least squares-based test on the residuals from the OLS estimates of the cointegrating equation.
In certain contexts, in particular that of high frequency financial data, it appears over-restrictive to confine attention to integer-valued orders of integration-see Ž . for example Baillie and Bollerslev 1994a . Fractional cointegration analysis Ž . Ž . departs from the I 1 rI 0 paradigm by allowing b, and possibly also d, to be fractional. The standard test for fractional cointegration follows the Engle-Granger two-stage approach, although there are now either three or four distinct steps. Marinucci procedure is not directly available where the variables of interest are latent.
Fractional cointegration within the bivariate FIGARCH model
Fractional cointegration in the skedastic process raises additional issues. First, the skedastic process is not directly observed and so inference is indirect, typically Ž . from the squared residuals from a parametric first order process, as in Eq. 10 ; and second, since skedastic processes in finance are typically found to be stationary, the procedure used to estimate any cointegrating combination cannot presuppose non-stationary. Ž . It is an implication of Robinson and Marinucci 1998 
w Ž . yb x Since the zero order terms of the lag polynomial 1 y 1 y L are null, it ) Ž . will always be possible to find an infinite order polynomial F L satisfying Eq. Ž . Ž . In fact, the Robinson and Marinucci procedure may be used in each of the three possible cases: i Ž . y and y are stationary and z is stationary with AlessB memory; ii y and y are non-sta-
Ž . tionary and z is AlessB non-stationary; iii y and y are non-stationary and z is stationary.
These restrictions may be in terms of either or both order and diagonality. This is the approach we follow in Section 6 below. The lack of Ž . identification implies that a finding of b -d in Eq. 11 is insufficient as a demonstration of fractional cointegration.
In practice, the situation is more complicated than this. In the standard Ž . Ž . I 1 rI 0 paradigm, an error correction model with lag length g may be obtained
Ž . as a reparameterization of the corresponding ADL g autoregressive distributed lag model. Commonly used error corrections specifications involve the imposition of restrictions implying that these restricted error corrections are nested within the Ž . Ž . ADL g model Hendry, 1995 . This is no longer the case when we move to a Ž . fractional order of integration. Suppose the polynomial F L is restricted to be of w Ž ) b xŽ . dy b X finite order r. Since the polynomial 1 y 1 y L 1 y L jg will necessarily Ž . ) Ž . be infinite unless j andror g s 0 or b s 1 , F L will also be infinite. Model Ž .
Ž . ) Ž . 11 is therefore no longer a reparameterization of model 10 if F L in model Ž . 11 is restricted to be of finite order, as must inevitably be the case. It follows Ž . that, for finite polynomial lag lengths, the error correction model 11 and the Ž . Model 10 are neither equivalent nor nested. We therefore distinguish between the models using the Akaike and Schwarz information criteria.
There is currently no clear consensus in the literature on methods for testing for fractional cointegration. Both the composite nature of the hypotheses and the lack of nesting structure suggests that it may be preferable to test for cointegration in a less model-dependent framework. Within our framework, it is natural to consider a direct test of whether the two volatility processes are fractionally cointegrated. In performing these tests, we use both squared returns and absolute returns as proxy measures of volatility. Two-stage Engel-Granger-type procedures are only available if the original series are non-stationary, and this is commonly not the case for Ž . financial market volatilities. Robinson and Marinucci 1998 suggest a frequency domain regression procedure that is available even for stationary series. However, both because this system gives a range of outcomes, depending on the frequencies Ž . considered, and because the results reported by Robinson and Marinucci 1998 Ž . appear problematic the lowest frequency estimates are uniformly preferred , we opt for a simpler procedure in which we assume a unit cointegrating vector. This makes sense on our data since it appears plausible that volatilities on two markets for related products should move uniformly together. This hypothesis also turns Ž . out to be supported by estimates of the unrestricted error correction model 11 where we tested the hypothesis g sy1. With a known cointegrating vector, 2 testing for fractional cointegration becomes straightforward since one can rely on standard univariate procedures applied to the cointegrating vector.
For these reasons, we propose a four-stage procedure parallel to that considered in the previous section.
Ž . 1 Estimation of the fractional orders d and d using univariate methods. We 1 2
Ž . do this in two ways: i from univariate ARFIMA models of the squared and Ž . absolute returns; and ii from univariate FIGARCH models. 
Data
Crude oil has been traded on the NYMEX in New York since 1983, and on the London IPE since 1988. Fig. 1 graphs estimated volatilities, measured as monthly standard deviations of daily price returns for the second delivery contract over the entire trading history to March 1999.
In the IPE's initial years when volumes were low, volatility differed to some extent across the two markets, but subsequent to the 1990-1991 Gulf War period the two graphs move very closely together. Over the 1990s, there has been no clear tendency for one market to be more volatile than the other. Oil price volatility has tended to be in the range of 1% to 3% per day, but this has been punctuated by two periods of very high volatility. The first high-volatility period covers the 13 months, December 1985 to December 1986. This was the period in which Saudi Arabia was aggressively attempting to impose discipline on the other OPEC countries by expanding its production. The second period, which extends from August 1990 to March 1991, covers the period of Iraqi invasion of Kuwait, and the subsequent Gulf War, which re-established Kuwait sovereignty. We concentrate our attention on the sample period where the two markets were trading Ž . together June 1988-March 1999 . We are interested in modeling volatility in 
Estimation results
UniÕariate models
The first stage of the analysis is to check whether the volatility processes of NYMEX and IPE exhibit long memory. We first estimate a univariate Ž . 9 Ž Ž .. ARFIMA s,d,k model Eq. 1 for two volatility proxies, squared returns and absolute returns.
10 Consistency of these estimates depends on the validity of the Ž . choice of polynomial lag lengths. Using Monte Carlo analysis, Lobato 1999 has shown that estimates of long-memory models are particularly sensitive to misspecification of the length of the autoregressive polynomial. Model selection tests Ž . suggest concentration on the ARFIMA 1,d,1 model, which we estimate using the Ž . 11 exact MLE of the ARFIMA process under normality derived by Sowell 1992 . 8 Inclusion of the Gulf War period is problematic for a number of reasons; in particular, the kurtosis of the returns distribution is considerably greater over this period, and the fractional integration Ž . parameters take much higher values-see Brunetti 1999 . 9 There are many ways of testing for the presence of long memory. In particular it is possible to distinguish between parametric and semi-parametric tests. We disregard the latter and consider only parametric tests because, ADespite the amount of theoretical work in attempting to derive robust semiparametric estimators of long memory parameters, there is substantial evidence documenting their Ž . poor performance in terms of bias and mean squared errorB Baillie, 1996 . This choice is supported by the consideration that ARFIMA models describe the long-run dynamic of the conditional mean in the same way in which FIGARCH class of models does that with the conditional variance.
10 For an analysis of the long memory properties of absolute returns and squared returns see Taylor Ding et al. 1993 , Granger and Ding 1995 . 11 The ARFIMA estimates are computed in Ox using the ARFIMA package 1.0 developed by Ž . Ž . Doornik and Ooms 1999 , see also Ooms and Doornik 1998 . The model selection criteria we use are the AIC and the SIC, which are related to the estimated log-likelihood bŷÂ
where l is the number of estimated parameters and N is the number of observations used in the estimates. The SIC puts a heavier penalty on additional parameters and, therefore, AencouragesB parsimonious models. When the AIC and the SIC indicated different results we opt for the more Ž parsimonious model by using the SIC choice. The data contain two outliers 23 March 1998 and 17 . December 1998 which cause estimation problems. We control for these by introducing impulse Ž . dummies coefficients not reported . Because the outliers are common to the two markets, there is no need to include the dummies in the cointegrating ARFIMA model.
( )
The results are reported in columns 1 and 2 of Table 1. The long-memory parameter estimates indicate that both absolute and squared returns are long memory and stationary processes. From columns 1 and 2 of Table 1 it is also evident that, for both markets, the estimated long-memory parameter is higher for absolute returns than for squared returns. The theoretical autocorrelation of the Ž .
dy1
ARFIMA process for high lags w may be approximated as follows r f cw w where c ) 0. This implies that for high lags, the higher is the value of d, the higher is the autocorrelation of the process. The results in Table 1 , columns 1 and 2, show that absolute returns exhibit a higher autocorrelation structure than Ž . squared returns. This is in line with the findings of Taylor 1986 , Ding et Baillie et al. 1996 show, by simulation Ž experiments, that the QMLE procedure performs particularly well for large data samples over 1500 . observations . They also compared the performance of QMLE procedure for estimating FIGARCH models assuming alternatively a normal distribution and a t distribution for the error terms. Their results show that QMLE performs well in adjusting for non-normality. 13 The sufficient conditions required to ensure that the conditional variance is always positive vary according to the model specification. These restrictions were not binding in any of the estimates we undertook. 14 We computed skewness and kurtosis for the standardized residuals for the univariate FIGARCH Ž estimates reported in Table 1 . The skewness is close to zero in both markets 0.022 for IPE and . y0.098 for NYMEX . The kurtosis is equal to 4.799 and 4.554 for IPE and NYMEX respectively. We also estimated the univariate models assuming the errors follow a t distribution-estimated standard errors are very similar to those obtained with a normal distribution. These findings are in line with the Ž . results obtained by Baillie et al. 1996 . The two large outliers in the data did not affect the FIGARCH estimates. In this paper the analysis of the fractional order of integration of the volatility Ž process is implemented via parametric procedures ARFIMA and FIGARCH . models . The resulting estimators are efficient and consistent if and only if the Ž . models are correctly specified Robinson, 1995b; Lobato, 1999 . For this reason, we considered several different specifications of the ARFIMA and FIGRACH models. It is important to note that regardless of the specifications adopted, the estimated values for the long-memory parameter, d, were always consistent in the sense that they did not differ significantly from each other.
( )
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The estimates of the ARFIMA and FIGRACH models reported in columns 1-3 of Table 1 suggest a common fractional parameter d in the two markets. Conditional on the validity of this hypothesis, we can use the ARFIMA methodology to test for a unit cointegrating vector, such that the differences in the squared or absolute returns on the two markets have a lower order of integration than those implied by the estimates in columns 1 and 2. Columns 4 and 5 of Table 1 report Ž . the estimates of univariate ARFIMA 1,d,1 models for the differences in respectively the squared and absolute returns from the NYMEX and IPE markets. The order of integration of the differences in the absolute returns on the two markets Ž . Table 1 , column 4 is marginally significant and is less than those of the original series reported in column 1. The estimate of d for the linear combination of squared returns, assuming a unit cointegrating vector, is not significantly different Ž . from zero Table 1 , last column implying that the linear combination of squared Ž . returns is I 0 . On this basis we conclude that the NYMEX and IPE volatility processes are indeed cointegrated.
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The estimates reported in Table 1 all relate to the sample which excludes the Ž . Gulf War conflict. We also estimated the FIGARCH 1,d,1 models over the entire samples of available data but including a shift dummy variable for the Gulf War Ž . period in the skedastic function results not reported . Over this extended sample, the estimates of the long-memory parameter d are very sensitive to the inclusion or non-inclusion of this dummy. This accords with the results reported by Ž . Lamoureux and Lastrapes 1990 who argue that estimates of the parameters of GARCH models are not robust in the presence of structural shifts. 15 For example, for the several ARFIMA specifications we estimated for the squared returns of IPE, the value of d varies between 0.23 and 0.28.
Ž . Cheung and Ng 1996 have developed a two-stage procedure to test for non-causality in variance. The first stage consists in estimating univariate GARCH-type models for the series under consideration. The second stage requires the construction of the squared standardized residuals from the estimated models. The analysis of the cross-correlation of the squared standardized residuals is then a test for non-causality in variance. We have implemented the Cheung-Ng test using the squared standardized residuals from the univariate FIGARCH estimates reported in Table 1 , column 3. The only component Ž . Ž of the Cross Correlation Function CCF which is statistically significant is that at lag zero CCF s 0.777 . with p-values 0.000 . Those components of the CCF relating the NYMEX squared residuals to lagged or led IPE squared residuals are all statistically insignificant, as are those relating the IPE squared residuals to lagged or led NYMEX squared residuals. 
BiÕariate models
The estimates of the FIGARCH models suggest a common fractional parameter d in the two markets. To test this hypothesis, we need to move to a bivariate framework. The standard procedure in estimating bivariate GARCH models has Ž . Ž . been to impose diagonality on F L and B L -see, for example, Bollerslev et al. Ž . 1988 . Following this approach, in column 1 of Table 2 we report estimates of Ž Ž . Ž .. diagonal bivariate constant correlation FIGARCH models Eqs. 8 and 9 with r s p s 1. Note the similarity in the estimates of the two fractional processes. In column 2, we report estimates of the same model imposing a common degree of fractional integration. A likelihood ratio test of these estimates against those in column 1 fails to reject the hypothesis of a common order of fractional integration.
Consistency of these estimates depends on both the validity of the lag length restrictions, as in the univariate case, and of the diagonality restrictions. We Ž . checked the former by estimating constant correlation diagonal FIGARCH 2,d,1 , Ž . Ž . FIGARCH 2,d,2 , and FIGARCH 3,d,1 models. There is no evidence that higher lag lengths are required. To check the diagonality restrictions, in column 3 Table 2 Ž . Ž we estimated an unrestricted constant correlation FIGARCH 1,d,1 model Eqs Ž .
Ž .. 17 10 and 9 .
A likelihood ratio test against the estimates in column 1 and both AIC and SIC reject diagonality. However, we fail to reject the restriction to a common order of Ž . fractional integration Table 2 , column 4 . Tests of this model against alternatives with longer lag specifications always fail to reject the first order lag length restrictions.
Ž . As already stated, for both the restricted diagonal and the unrestricted Ž . non-diagonal models, we considered several specifications. The estimated longmemory parameters were very similar regardless of the model specification implemented.
From Table 2 Both our univariate and bivariate FIGARCH specifications adopt an unconditional model for the first order process despite the fact that GARCH models are conditioned on the history of the process. Failure to condition the first moments may lead to spurious correlation in the conditional second moments. This danger is particularly acute in the case of long-memory processes. As a diagnostic check, we 17 The necessary conditions for positive definiteness of the variance-covariance matrix in the Teyssiere 1996 for each market. This model adopts an ARFIMA structure for the conditional mean and a FIGARCH specification for the conditional variance. There is no evidence of either a long or a short memory dynamic in the mean process for either market. In the ECM-FIGARCH estimates reported in column 5 of Table 2 we imposed Ž . a unit cointegrated vector g sy1 . We tested this hypothesis and we fail to 2 reject the null of g sy1. In the ECM estimates we are also imposing diagonality 2 ) Ž . on f L . We tested this restriction and we fail to reject the diagonal specification.
j represents the speed of adjustment towards the equilibrium of the NYMEX 1 volatility and is not statistically different from zero. By contrast, j , the speed of 2 adjustment towards the equilibrium of the IPE volatility, is statistically significant. This, together with the relative magnitude of the two estimated j coefficients, suggest that adjustment between the two markets primarily takes place through IPE volatility adjusting towards NYMEX volatility. In the last column of Table 2 we test the hypothesis b s 0. We fail to reject 12 this hypothesis. 19 This is consistent with the view that information which arrives 18 Ž . These results contradict the findings of Barkoulas et al. 1997 . 19 The likelihood ratio test is equal to 0.5 against a critical value of 3.84. volatility reacts to shocks to NYMEX volatility much more strongly than NYMEX to the IPE. Our results show that the volatility processes on the NYMEX and IPE crude oil futures markets are closely related. They are both highly persistent, with a common degree of fractional integration, and, are fractionally cointegrated. This implies that divergences between the volatilities in the two markets are less persistent than the volatilities themselves, even though there is evidence that these differences remain fractional. Fractional cointegration implies that statistical arbitrage of the two markets, by, for example, taking straddles across the markets, is associated with a relatively low degree of risk. The results also show that the dominant volatility linkage is from NYMEX to the IPE, rationalizing the standard interpretation of NYMEX as the leading crude oil future market.
Conclusions
Our objectives has been to develop tractable models for volatility processes in Ž closely related markets while simultaneously acknowledging the fractional long . memory feature of volatility. There is as yet little consensus on the appropriate Ž methodology for testing for fractional cointegration, in particular as in this . instance when this relates to latent processes. The contribution of this paper has been to demonstrate the feasibility of estimating and testing cointegrated bivariate FIGARCH models, at least in the natural case in which attention is restricted to a unit cointegrating vector.
Our application has been to volatility on the two major crude oil futures Ž . markets NYMEX and the IPE , which trade similarly defined futures contracts on closely related but non-identical underlying assets. Movements in the two volatility processes are highly correlated as must be expected with a common informational feed. We find a common order of fractional integration for the two volatility processes and confirm that they are fractionally cointegrated. An error correction FIGARCH model indicates that the preponderant adjustment is of the IPE towards NYMEX, in line with the conventional wisdom that NYMEX is the dominant market. 
